Parkinson's disease (PD) patients and normal controls were administered a series of visual attention tasks. The Dimensional Integration task required integration of information from two stimulus dimensions. The Selective Attention task required selective attention to one stimulus dimension while ignoring the other stimulus dimension. Both integral-and separable-dimension stimuli were examined. A series of quantitative models of attentional processing were applied to each participants' data. The results suggested that: (a) PD patients were not impaired in integrating information from two stimulus dimensions, (b) PD patients were impaired in selective attention, (c) selective attention deficits in PD were not due to perceptual interference, and (d) PD patients were affected by manipulations of stimulus integrality/separability in much the same way as normal controls.
Introduction
Previous research indicates that patients with Parkinson's disease (PD) are impaired on tasks of attention (Filoteo et al., 1994 (Filoteo et al., , 1997a (Filoteo et al., , 1997c Girotti et al., 1986; Goodrich, Henderson, Kennard, 1989; Jones et al., 1994; Karayanidis, 1989) , and in particular, on tasks that require selective attention. For example, PD patients are impaired when asked to identify the color of a printed word and ignore the meaning of the word (i.e., the Stroop task; Brown & Marsden, 1988; Henik, Singh, Beckley, & Rafal, 1993) , process information in one ear and ignore information presented to the other ear (Sharpe, 1992) , make perceptual judgments about one component of a visual stimulus and ignore another component of the same stimulus (Maddox, Filoteo, Delis, & Salmon, 1996) , and recall letter sequences in the presence of other, irrelevant letters (Sharpe, 1990) . Some researchers argue that PD patients' selective attention deficits are associated with impaired inhibitory processes (Cronin-Golomb, Corkin, & Growdon, 1994; Downes et al., 1993; Filoteo et al., 1996; Henik et al., 1993; Owen et al., 1993) . Some of these authors argue that PD patients are impaired in certain aspects of the build-up and maintenance of inhibition over time. For example, Downes et al. (1993) found that PD patients were impaired on a verbal fluency task when they had to produce words by alternating between a letter and a category, whereas these patients were not impaired when they had to produce words from a single letter or single category, or when they had to produce words by alternating between letters or by alternating 1 between categories. Based on findings from a spatial orienting task, Filoteo et al. (1996) offered a slightly different hypothesis regarding possible deficits in inhibitory attentional processes in PD. Specifically, PD patients may be normal in the build-up of inhibition, but may be abnormal in maintaining such inhibitory processes over extended periods of time (Filoteo et al., 1996) . This inability to maintain inhibition over time would allow unattended information to interfere with the processing of relevant information. These investigators also postulate that the basal ganglia, the primary locus of neuropathology in PD, plays an important role in inhibitory attentional processes. This neuroanatomical correlate of PD patients' possible inhibitory attentional deficit is also consistent with animal studies that suggest the basal ganglia are involved in attentional processes (Apicella, Lagallet, Nieoullon, & Trouche, 1991; Hassler, 1978; Kermadi & Boussaoud, 1995) .
Although previous studies have indicated that PD patients are impaired on tasks of selective attention, and that these impairments may be associated with abnormal inhibitory processes, the exact nature of such selective attention deficits are not known. That is, it could be that PD patients' selective attention deficits are due to deficits at the perceptual stage, decisional stage, or both. The current study attempted to localize these deficits in PD through the application of a novel empirical and theoretical approach. The focus was on attentional processing of stimuli composed of simple, basic perceptual features (or dimensions). Our feeling was that a fundamental understanding of selective attention processes would benefit from this type of examination. In addition, two qualitatively different types of perceptual dimensions were examined. These have been termed integral and separable, and will be defined shortly. Finally, the analyses centered around the application of a series of quantitative models of attentional processing. Unlike traditional analyses based only on accuracy, the model-based analyses allowed us to isolate the locus of any observed selective attention deficits. In particular, it allowed us to determine whether selective attention deficits resulted from impairments in learning and retaining a response criterion, applying this response criterion consistently, or both.
Recently, Maddox et al. (1996) examined attentional functions in patients with PD using a similar approach. Two fundamental aspects of attentional processing in nondemented PD patients and age-and education-equated normal controls were examined. These included (a) integration of information from two stimulus attributes (hereafter referred to as dimensional integration), and (b) selective attention to a relevant stimulus attribute while ignoring another irrelevant attribute (hereafter referred to as selective attention 2 ). Maddox, et. al. (1996) utilized the perceptual categorization task (also called the randomization technique; Ashby & Gott, 1988; Ashby & Maddox, 1990 Maddox, Filoteo, & Huntington, 1998) in which the experimenter defines two categories of stimuli, called Category 1 and Category 2, where each category contains a large number of stimuli (usually 50 or more per category). On each trial, one stimulus is sampled randomly and is presented to the participant. The participant's task is to determine whether the presented stimulus is a member of Category 1 or Category 2. Each stimulus is constructed from the same two stimulus attributes. The stimulus attributes in the Maddox et al. (1996) study were a vertical line and a horizontal line that differed in length for each unique stimulus. Dimensional integration and selective attention performance were examined by defining the categories in such a way that the correct categorization rule required 2 Technically, this should be referred to as decisional selective attention because the decision rule requires that the participant place no weight on the value of the irrelevant dimension. It is possible, and likely, that the participant is processing the irrelevant dimension perceptually. However, for ease of exposition we will simply use the term selective attention. attention to both stimulus attributes (Dimensional Integration), or required attention to only one stimulus attribute (Selective Attention). Because each stimulus is defined by its horizontal and vertical length, each can be represented by a unique point in a two-dimensional space. The two dimensional stimulus space is depicted in Figure 1 for the Dimensional Integration condition. The correct categorization rule was the decision rule that, when applied consistently on each trial, maximized overall accuracy (e.g., Ashby, 1992a; Green & Swets, 1967; . This "optimal" decision rule is represented by the broken line in the two-dimensional plot in Figure 1 .
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Integration condition, a correct response required that the participant attend to both the horizontal and the vertical line length and respond "1" if the vertical line was longer than the horizontal line, or "2" if the horizontal line was longer than the vertical. In the Selective Attention condition (see Figure 2b ), a correct response required that the participant attend selectively to only one stimulus attribute, and ignore the other stimulus attribute. For example, in the condition in which the vertical line was relevant, a correct response required that the participant respond "1" if the length of the vertical line was shorter than an experimenterdefined criterion, or "2" if the vertical line was longer than the criterion. Notice that this is a selective attention rule, because although there is variation in the horizontal line length, this trialby-trial variation is uninformative and should be ignored. In the Baseline condition (see Figure  2c ), the optimal decision rule was the same as in the Selective Attention condition; however, only the relevant stimulus attribute was presented in the display. Thus, the criterion was the same for the Selective Attention and the Baseline conditions.
Analyses of the accuracy data suggested that PD patients were not differentially impaired in dimensional integration, but were differentially impaired in selective attention. A series of quantitative models, each of which generated trial-by-trial predictions, were also applied to the data from each individual PD patient and normal control Maddox, et. al., 1996 Maddox, et. al., , 1998 . Each model made a different assumption about the nature of attentional processing. Three qualitatively different types of attentional processing were examined. The optimal attentional processing model assumed that the participant successfully applied the optimal, experimenter-defined decision rule. The suboptimal attentional processing model assumed that the participant performed according to the task requirements, but in a suboptimal manner. The deficit-in-attentional processing model assumed that the participant did not perform according to the task requirements. Statistical procedures were used to determine the most parsimonious model for each participant (e.g., Ashby, 1992a; Wickens, 1982) . The frequency distributions of PD patients and normal controls classified into each of the three attentional processing categories were then compared for the Dimensional Integration and Selective Attention conditions. The results suggested that PD patients were not differentially impaired as compared to normal controls in their ability to integrate information from the two stimulus dimensions, but that a larger subgroup of PD patients showed deficits in selective attention. Perhaps more importantly, approximately one-third of the PD patients fell into each of the three attentional processing categories suggesting large within-patient group individual differences. When examined at the individual participant level, large differences in cognitive function are often seen in PD patients (e.g., Filoteo et al., 1997b; Maddox, et. al., 1996; Pirozzolo, Hansch, Mortimer, Webster, & Kuskowski, 1982; Rajput, Offord, Beard, & Kurland, 1984) . In fact, some investigators have argued for the existence of subgroups of PD patients (Dubois, Boller, Pillon, & Agid, 1991; Mayeux & Stern, 1983) . In light of this fact, continued use of single participant analyses might be fruitful.
On the surface, the results of Maddox et al. appear to support the claim that PD patients are not impaired when required to integrate dimensional information, but are impaired when required to attend selectively. These findings support the claim that PD patients evidence inhibitory processing deficits. However, the Dimensional Integration and Selective Attention conditions differ not only in whether selective attention is required, but also in the need to retain a response criterion in memory. In Maddox et al's (1996) Dimensional Integration condition the participant needed only to compare the lengths of the two lines in order to make a correct response. In the Selective Attention condition, on the other hand, the length of the relevant dimension had to be compared with a criterion length that was retained in memory. Thus, the observed selective attention deficit might have resulted from poor retention of the "internally" stored response criterion, and not from an inability to attend selectively per se.
The purpose of the present study was three-fold. First, we wished to test the possibility that the selective attention deficit observed by Maddox et al. (1996) was due to greater difficulty in retaining an experimenter-defined response criterion. To control for this possibility in the present study, we altered the Dimensional Integration rule in such a way that a comparison with an "internally" retained response criterion was required. Specifically, participants were asked to give one response if the sum of the two dimensional values was greater than an experimenterdefined criterion and to give the other response if the sum was less than the experimenter-defined criterion. Thus, for both the Dimensional Integration and the Selective Attention conditions in the present study, participants had to retain an experimenter-defined response criterion.
The second goal of this study was to extend the findings of Maddox et al. (1996) by examining the effects of integrality/separability on attentional functioning in patients with PD. Prototypical integral-dimensions, and the ones used by Maddox et. al. (1996) and in the present study, are the length of a horizontal line and the length of a vertical line (see Figure 2 for examples). Prototypical separable-dimensions, and the ones used in the present study, are the diameter (or size) of a circle and the orientation of an embedded radial line (see Figure 2 for examples). Previous research suggests that younger adults find it easier to integrate information from integral-than from separable-dimension stimuli. In contrast, younger adults find it easier to attend selectively to separable-than to integral-dimension stimuli (e.g., Garner, 1974; Maddox, 1992) . A common position within the field of "normal" human perception and cognition is that the effects of stimulus integrality on attentional processing are due to differences in the processing of these stimuli within the perceptual system. In other words, integral-dimension stimuli are processed by the perceptual system in such a way that information about one stimulus dimension is perceptually integrated with information about the other stimulus dimension. On the other hand, separable-dimension stimuli are processed by the perceptual system in such a way that information about one stimulus dimension is perceptually separate from information about the other stimulus dimension. Thus, it may be that the difficulty in selective attention to integral-dimension stimuli (as observed in Maddox et al.) is due to perceptual interference. In comparison, any difficulty in selective attention to separable-dimension stimuli may not be due as much to perceptual interference, but rather to other non-perceptual factors, such as interference at the response selection level. If the selective attention deficit of PD patients observed in the Maddox et al. (1996) study was due mostly to perceptual interference, then the patients should perform differentially relative to controls in the Selective Attention condition only with integral-dimension stimuli. However, if they have experienced a generalized deficit in selective attention, one that goes beyond the perceptual level, then they should perform differentially relative to controls with both integral-and separable-dimension stimuli. Similarly, if the normal dimensional integration ability of PD patients observed in Maddox et al. (1996) is not influenced by the perceptual integrality of the stimulus components, then they should perform similar to normal controls for both stimulus types. By including both types of stimulus dimensions, we were able to determine whether selective attention deficits in PD are affected by changes in perceptual processes.
The final goal of this study was to provide some insight into the locus of selective attention deficits in PD. Specifically, we examined whether their impairment was due to deficits in the learning and retention of a decision rule, deficits in the trial-by-trial application of a decision rule, or both. The first type of impairment implies that PD patients are impaired in attending selectively when developing a decision rule whereas the second type of impairment implies that the patients are impaired in attending selectively when applying a decision rule on a trial-by-trial basis. We describe the details of these two types of deficits later, but for now it is important to point out that, unlike traditional analyses of accuracy rates, the model-based analyses allowed us to tease apart these two forms of attention deficits through an examination of separate and identifiable model parameters. In addition, we did not examine these two types of deficits in our earlier study , which would have been straightforward given that the same model parameters were estimated. Therefore, we also re-analyzed the data from Maddox et al. (1996) in an attempt to provide additional insight into PD patients' attentional deficits and to provide a more detailed examination of these possibilities.
Twenty-two patients with idiopathic PD (13 men and 9 women) and 22 normal controls (10 men and 12 women) participated in this study. The patients were recruited from the Movement Disorders Clinic at the University of Utah Health Sciences Center and their diagnosis was made by a staff neurologist. PD patients with a history of stroke, head injury (loss of consciousness for more than one minute), alcoholism (four or more drinks per day for more than 1 year), or serious psychiatric illness (major affective disorder or schizophrenia) were excluded from the study. The PD patients had been diagnosed with the disease for a mean of 5.91 years prior to their participation in this study (range: 1 -14 years). At the time of testing, 18 of the PD patients were taking a dopaminergic medication, 3 patients were taking both a dopaminergic and an anticholinergic medication, and 1 patient was taking only an anticholinergic medication. According to Hoehn and Yahr's (1967) scale of motor impairment severity, 2 patients were in stage I of the disease (least impaired motorically), 15 patients were in stage II, and 5 were in stage III. Of the twenty-two PD patients who participated in this study, 14 had tremor as their predominant symptom and 8 had rigidity/akinesia as their predominant symptom. The normal controls were recruited from the community, and exclusion criteria included a history of alcoholism, psychiatric illness, cerebral vascular accident, head trauma, or other significant neurological conditions. Normal controls were selected for inclusion in this study if their age and education levels were comparable to those of the PD patients. Table 1 shows the mean age, years of education, and scores on the Dementia Rating Scale (DRS; Mattis, 1976) for the PD patients and normal controls. The PD patients did not differ from the normal controls in terms of their mean age (p > .05), years of education (p > .05), or their scores on the DRS (p >.05).
and Stimulus Generation
Examples of the separable-stimuli (i.e., the circle stimuli) and the integral-dimension stimuli (i.e., the line stimuli) are depicted in Figure 2 . The separable-dimension stimuli varied in the diameter of the circle and the orientation of an embedded radial line. The integral-dimension stimuli varied in the lengths of the horizontal and vertical line segments. The stimuli were computer generated and were displayed in a dimly lit room. The stimuli were composed of a white stimulus on a black background and subtended approximately one degree of visual angle.
Each participant classified both types of stimuli in each of three experimental conditions. In all three of the experimental conditions, two categories of stimuli (Category "1" and Category "2") were created by defining specific bivariate normal distributions. Table 2 gives the exact parameter values describing the stimulus populations in each experimental condition.
The stimuli for each condition were generated before the experiment using the following procedure. First, a category (1 or 2) was chosen at random with the constraint that an equal number of stimuli be sampled from each category. Next, a random sample was taken from the appropriate category distribution. This specified an ordered pair (x,y). This ordered pair was used to construct a stimulus with horizontal length (or circle diameter), x, and vertical length (or radial line orientation), y, when the stimuli were lines (or circle). Because the dimensions of the circle stimuli are measured in different units, it was necessary to equate diameter and orientation units. In an attempt to equate diameter and orientation discriminability, 1 unit of diameter was made equal to π/600 radians.
In each experimental condition, a participant who used the optimal decision rule perfectly on every trial could achieve a maximum of 97% accuracy. This is due to the fact that the normal distributions used to generate the stimuli in this study overlapped. It has been argued that the normal distribution provides a good model of natural categories and thus experimental paradigms that utilize normally distributed categories have higher ecological validity Flannagan, Fried, & Holyoak, 1986; Fried & Holyoak, 1984; . Another advantage of using normally distributed categories is that the optimal decision rule is unique. Figure 2 depicts the optimal decision rule and response regions for each of the three experimental conditions. In the Dimensional Integration condition, the optimal decision rule satisfies y = -x + 450. In the Selective Attention and Baseline conditions, the optimal decision rule satisfies y = 225.
General Procedure
The study was conducted in two separate sessions with participants classifying only one type of stimuli (integral or separable) during each session. The presentation order was counterbalanced across participants. Within a session, the order of the three experimental conditions (Dimensional Integration, Selective Attention, and Baseline conditions) was counterbalanced 3 . At the start of each experimental condition, the participants were given extensive instructions and training on the correct categorization rule (see below). In addition, a card was displayed above the computer screen throughout the experiment which depicted prototypical stimuli from each of the two categories. Thus, the focus of this research was not on the participants' ability to discover and learn the correct categorization rule, but rather was on their ability to consistently apply an explicitly stated categorization rule. At the beginning of each practice and experimental trial, a small fixation square appeared in the center of the screen. Five hundred ms later, the stimulus appeared in the center of the computer screen. The stimulus display remained on the screen until the participant made a categorization response. Responses were made on a standard computer keyboard. The participants' task was to determine the category membership and respond by pressing the appropriate key. Participants were told to respond as accurately as possible, and not to worry about speed of responding. Corrective feedback in the form of the accuracy of each response was provided for one second following a response. Once the feedback was complete, the next trial was initiated. In order to minimize any carryover across conditions, the three conditions were spaced approximately 30 minutes apart.
Dimensional Integration Condition: In this condition, accurate responding required that the participants attend to and integrate information from both stimulus dimensions (i.e., the horizontal and vertical line length or the circle diameter and radial line orientation) in order to classify the stimuli correctly. For the integral-dimension stimuli, the participants were told to respond "1" if the horizontal line length plus the vertical line length was small, and to respond "2" if the horizontal line length plus the vertical line length was large. For the separabledimension stimuli, the participants were told to respond "1" if the circle diameter plus the radial line orientation was small, and to respond "2" if the circle diameter plus the radial line orientation was large. Thirty practice trials, and 100 experimental trials were administered for each set of stimuli in this condition.
Selective Attention Condition: In this condition, the participants were administered two separate blocks of trials: one block in which the horizontal line (or circle diameter) was relevant and another block in which the vertical line (or line orientation) was relevant. Accurate responding required the participants to attend selectively to one dimension of the stimuli and ignore the other irrelevant dimension. For the line stimuli, the participants were told to respond "1" if the vertical line length (or horizontal line length depending on the block) was short, and to respond "2" if the vertical line length (or horizontal line length) was long. For the circle stimuli, the participants were told to respond "1" if the circle diameter was small (or the radial line orientation was small), and to respond "2" if the circle diameter was large (or the radial line orientation was large). Thirty practice trials, and 100 experimental trials were administered for each set of stimuli in this condition.
Baseline Condition: This condition was identical to the Selective Attention Condition, except that the irrelevant dimension was absent from the display. Thirty practice trials, and 100 experimental trials were administered in each block of this condition.
Modeling Approach
This research examined stimulus integrality effects on two fundamental forms of visual attention, dimensional integration and selective attention, in patients with PD and normal controls through traditional analysis of accuracy data, and through the application of a series of quantitative models of attentional processing. Here we briefly outline the modeling approach (the details are left for the Appendix). On each trial the participants were presented with a single stimulus and asked to categorize it into one of two experimenter-defined categories. Recall that each stimulus can be represented by a point in a two-dimensional stimulus space. A useful method for presenting the observed data is with a scatterplot, where the location of each point is determined by the two dimensional values for each stimulus (e.g., the horizontal and vertical line lengths), and a different symbol is used for "1" and "2" responses. The participants' decision rule can also be represented in this two-dimensional space by a line with some slope and intercept. A major goal of the model-based analyses was to find the decision rule that best partitioned each of the participant's "1" and "2" responses. One possibility is that a participant's decision rule is optimal. Hypothetical scatterplots for optimal responding in both the Dimensional Integration and Selective Attention conditions are presented in the top panels of Figure 3 (see also Figure 5 for representative participant's data). Each gray diamond depicts a single stimulus that received a "1" response, each black square depicts a single stimulus that received a "2" response.
The two middle panels of Figure 3 depict a hypothetical case in which a participant's attentional processing was suboptimal. Suboptimal dimensional integration results when the participant used both sources of information, but does not place equal weight on each dimension. The exact nature of the suboptimal attentional processing was determined by estimating the slope and intercept of the dimensional integration rule that best partitioned the participant's "1" and "2" responses. Suboptimal selective attention results when the participant attends selectively to the vertical line length, but uses a criterion other than the optimal criterion. The hypothetical scatterplot in Figure 3 depicts a case in which the participant used a criterion that was longer than the optimal criterion. Suboptimal attentional processing would also result if the participant used a criterion that was shorter than the optimal criterion. Thus, a wide range of suboptimal selective attention is possible, and can be identified uniquely. The exact nature of the suboptimal attentional processing was determined by fixing the slope to zero and by estimating the intercept of the dimensional decision rule that best partitioned the participant's "1" and "2" responses.
The two bottom panels of Figure 3 depict a hypothetical case in which the participant showed a deficit-in-responding. A dimensional integration deficit results when the participant did not integrate information from the two stimulus attributes. To determine the exact nature of the dimensional integration deficit, several selective attention models were applied to the data. These included one model that assumed selective attention to the horizontal length, a second model that assumed selective attention to the vertical length, and a third model that assumed the simultaneous application of a selective attention rule along each dimension. A participant showing any of these three patterns of attentional processing was classified as showing a dimensional integration deficit. A selective attention deficit results when the participant attends to both stimulus attributes even though only one attribute is relevant. The hypothetical scatterplot in Figure 3 depicts a case in which selective attention is violated. The exact nature of the selective attention deficit was determined by estimating the slope and intercept of the linear decision rule that best partitioned the participant's "1" and "2" responses. Figure 3 depicts a situation in which the participant's decision rule perfectly partitions all of their responses. However, in general, no decision rule perfectly partitions all of the "1" and "2" responses (see Figure 5 for example). This occurs because of two sources of noise inherent in all biological organisms. First, there is random error in perceptual processing such that repeated presentations of the same stimulus do not yield the same perceptual effect on each trial (e.g., Ashby, 1992a; Ashby & Townsend, 1986; Geisler, 1989; Green & Swets, 1967) . This is termed perceptual noise. We minimized the effects of perceptual noise in our study by: (a) using high contrast displays, (b) using response terminated displays, and (c) emphasizing accurate responding over fast responding. Even so, small amounts of perceptual noise will always be present. Second, there is random error in the application of the decision rule or criterion such that the rule or criterion is not applied perfectly on each trial. This is termed criterial noise, and most likely has a larger effect than perceptual noise in the current study. Each of the attentional processing models has a free parameter that estimates the simultaneous effect of perceptual and criterial noise. Because the perceptual noise should be small relative to the criterial noise, we will interpret this parameter as primarily an estimate of criterial noise.
Notice that the decision rule parameters (i.e., the slope and intercept of the line that partitions the participant's responses) provide information about the "qualitative" nature of the decision rule that the participant attempts to apply on each trial. The decision rule can be optimal, suboptimal or suggest a deficit in attentional processing. These parameters also provide information about quantitative aspects of the decision rule. For example, they allow an estimate of the magnitude of any suboptimality in selective attention through a comparison of the estimated decision criterion with the optimal decision criterion. Analogously, they allow an estimate of the magnitude of any deficit-in-selective attention by comparing the estimated slope, which is a measure of the attention given to the relevant and irrelevant dimensions, with the optimal slope of zero. A comparison of these parameter estimates across PD and normal controls will allow us to determine whether PD patients show suboptimalities or deficits of a larger magnitude than normals.
The criterial noise parameter, on the other hand, provides information about the ability of the participant to apply consistently the same decision rule on each trial. The decision rule and criterial noise parameters, although both providing information about decision processes, provide information about fundamentally different aspects of decisional processing (the type of decision rule one attempts to apply, and one's ability to apply that rule consistently). To illustrate, consider the selective attention condition. In this condition, a failure in selective attention can affect performance by leading to the use of say a highly suboptimal decision criterion. On the other hand, a failure in selective attention can affect performance by leading to less consistency in the application of the same decision rule on each trial (i.e., greater criterial noise). Empirically, both of these failures in selective attention processes will adversely affect performance and lead to reduced accuracy. Thus, if accuracy is lower for one group of participants than for another, it is impossible to determine (based solely on accuracy data) whether the deficit is due to selective attention deficits that affect the exact value of the decision criterion, trial-by-trial variability in the application of the decision criterion (criterial noise), or both. Fortunately, the model based analyses make these two forms of selective attention deficits identifiable and hence observable.
The models that are used to identify optimal, suboptimal, and deficits-in-attentional processing differ in their generality (or flexibility). For example, the slope and intercept of the optimal attentional processing model is fixed a priori, whereas the suboptimal dimensional integration and selective attention deficit models leave the slope and intercept as free parameters. Thus, based on absolute fit, the optimal attentional processing model can never outperform the suboptimal dimensional integration or the deficit-in-selective attention models. However, standard statistical procedures have been developed that allow one to identify the most parsimonious model which is defined as the model with the fewest free parameters whose ability to account for the data cannot be improved upon significantly by a model with more parameters Wickens, 1982) . We used this procedure in some of our analyses to classify participants as showing optimal, suboptimal, or a deficit-in-attentional processing. The details of this procedure along with several examples are outlined in the Appendix.
RESULTS AND DISCUSSION The results and discussion are divided into three sections. The first section focuses on overall group analyses. All these analyses rely on standard ANOVA procedures and focus on differences between "average" PD and "average" normal control performance. These include analyses of the accuracy rates, the magnitude of any suboptimalities or deficits in the participants' decision rules, and the magnitude of the criterial noise estimates. The decision rule and criterial noise parameter analyses will also be performed on the Maddox et al. (1996) data for comparison purposes. The second section focuses on two sets of analyses relating to the integrality/separability manipulation. These analyses focus on subgroups of the PD and NC participants who evidenced specific forms of attentional processing. The third section focuses on a detailed examination of all attentional processing subgroups (optimal, suboptimal, and deficitin-attention processing), and comparisons of the PD and NC frequency distributions in each subgroup, much in the same manner as Maddox et al. (1996) .
Overall Group Analyses Accuracy Rates Table 3 displays the accuracy rates for all conditions averaged across participants 4 . The accuracy data were analyzed using three 2 X 2 mixed design ANOVAs. The factors for each of these ANOVAs were as follows: the between-group factor was group population (PD vs. NC), and the within-groups factor was stimulus type (separable-vs. integral-dimensions). The analysis of the data from the Dimensional Integration condition indicated that there were no significant main effects of group population [F(1,42) -
summarize, the accuracy analyses suggest that the PD patients were not differentially impaired in their ability to integrate information from integral-dimension or separable-dimension stimuli. In contrast, PD patients were differentially impaired at selective attention, and this impairment was observed for both integral-and separable-dimension stimuli. Importantly, this pattern of results mirrors those from Maddox et al. (1996) . Taken together, the current results and those from Maddox et al. lead to the following conclusions. First, the fact that no dimensional integration deficit was observed in Maddox et al. (1996) or the current study suggests that the need to maintain and apply a response criterion does not, in and of itself, lead to performance deficits in PD. This rules out the possibility that the selective attention deficits in PD observed in Maddox et al. and the current study were due simply to the requirement to retain a decision criterion. Second, the fact that PD patients were differentially impaired in selective attention for integral-and separable-dimension stimuli rules out the possibility that selective attention deficits in PD are due to interference at the perceptual level. Finally, although the accuracy results from Maddox et al. and the current study converge nicely, these data do not allow us to determine the locus of the selective attention deficit in PD. Specifically, these data do not allow us to determine whether the selective attention deficit in PD is due to the use of a highly suboptimal decision criterion, or whether these deficits are due to greater criterial noise. We turn now to analyses of the model parameters that enable a test of these two possible causes of poor performance in the Selective Attention condition. We report only the results from the Dimensional Integration and Selective Attention conditions because these are the two conditions of primary interest.
Criterial Noise Estimates
Each of the three attentional processing models included a criterial noise parameter, so some decision had to be made about which to analyze. Because our goal was to provide the most veridical estimate of criterial noise, we decided to analyze the criterial noise estimate from the most general model (see Appendix for details). In the Dimensional Integration condition, the most general model was the suboptimal attentional processing model. In the Selective Attention condition, the most general model was the deficit-in-selective attention model. The criterial noise estimates from the Dimensional Integration and Selective Attention conditions were analyzed using a 2 X 2 mixed design ANOVA with group population (PD vs. NC) as the between-group factor and stimulus type (separable-vs. integral-dimension) as the within-group factor. For the Dimensional Integration condition, there were no significant main effects for either group population [F(1,42) We also examined the criterial noise estimates from Maddox et al. (1996) . Because only integral-dimension stimuli were collected in that study, we analyzed the data using two separate t-tests; one for the Dimensional Integration condition and a second one for the Selective attention condition. These analyses indicated that the PD patients and the normal controls did not differ in their noise estimates in the Dimensional Integration condition [t(32)=1.07, p>.05], whereas the noise estimates of the two groups differed in the Selective Attention condition [t(32)=3.12, p<.005], with the noise estimates of the PD patients (M=3.35) being larger than those of the normal controls (M=2.07).
The results can be summarized as follows. First, and perhaps most importantly, the pattern of results from the current study and Maddox et al. converge. Second, no group differences were observed in dimensional integration with separable-or integral-dimension stimuli, but the PD patients evidenced greater criterial noise in selective attention with separableand integral-dimension stimuli. Given the lack of interaction between group and stimulus type, these latter results also support the conclusions from the accuracy data that selective attention deficits in PD are not due to increased perceptual interference. Notice also that this differential impairment in selective attention is not due to the need to retain a decision criterion since the retention of a decision criterion is also necessary in the Dimensional Integration condition. Finally, these data suggest that the selective attention deficits in PD are due, at least partially, to greater trial-by-trial variability in the application of the decision criterion (i.e., criterial noise). We turn now to analyses of the decision rule parameters to determine whether selective attention deficits in PD are also due to differential impairments in the development of a decision rule.
Decision Rule Estimates
To determine whether there are any group differences in the magnitude of the decision rule or criterion, we examined these parameter estimates from the most general models. For the Dimensional Integration condition, we examined the slope estimates from the suboptimal dimensional integration model. Recall that the optimal dimensional integration rule required that the participant weight each dimension equally when making a categorization response. Equal weight results when the slope estimate is equal to negative one (see Figure 2) . The suboptimal dimensional integration model estimated the slope and thus any deviations from equal weighting. For the Selective Attention condition, we examined the slope estimates from the deficit-inselective attention model. The magnitude of any deviations from the optimal slope value of zero provided an estimate of the magnitude of any deficit-in-selective attention. For ease of interpretation, we examined the absolute value of the slope estimates.
As with the analyses of the noise estimates, the slope estimates were analyzed using a 2 X 2 mixed design ANOVA with group population (PD vs. NC) as the between-group factor and stimulus type (separable-vs. integral-dimension) as the within-group factor. The results from the ANOVA examining participants' data from the Dimensional Integration condition did not reveal any significant main effects of group population [F(1,42) The results can be summarized as follows. First, and perhaps most importantly, the pattern of results from the current study and the Maddox et al. study converge. Second, no group differences were observed in dimensional integration or selective attention with separable-or integral-dimension stimuli. As with the criterial noise estimates, we can rule out the possibility that the selective attention deficits in PD are due to increased perceptual interference. Finally, these data suggest that the selective attention deficits in PD are due only to greater trial-by-trial variability in the application of the decision criterion (i.e., criterial noise), and not to differences in the exact values of the decision rules.
Taken together, the overall group analyses of the accuracy rates, criterial noise estimates, and decision rule estimates converge on the following conclusions. First, PD patients are not differentially impaired in their ability to integrate information across pairs of stimulus dimensions, regardless of the integrality/separability of the dimensions. Second, PD patients are differentially impaired in their ability to attend selectively, regardless of the integrality/separability of the dimensions. Finally, the selective attention deficits in PD may be due to greater criterial noise, and not to differences in the decision rule per se.
Stimulus Integrality Effects on Performance Previous research indicates that stimulus integrality differentially affects normal older and younger adults' ability to perform dimensional integration and selective attention (Garner, 1974; Maddox, 1992; Maddox & Ashby, 1996; Maddox et al., 1998; Shepard, 1964) . Specifically, normal individuals are more likely to show difficulty with dimensional integration when classifying separable-dimension stimuli, and are more likely to show difficulty with selective attention when classifying integral-dimension stimuli. To determine whether this pattern held in the present sample of normal older participants and PD patients, we computed the percentage of normals and PD patients whose most parsimonious model suggested a deficit in attentional processing (see Table 4 ). These data are depicted graphically in Figure 4 . Figure 4a depicts the percentage of PD patients and normal controls who showed a deficit-in-dimensional integration by stimulus type. Figure 4b depicts the same information for the Selective Attention condition. To determine whether the deficit-in-attentional processing frequencies differed significantly for the two stimulus types, a series of χ 2 tests were conducted separately for the PD patients and normal controls. Both χ 2 tests for the PD patients were significant [Dimensional Integration: χ 2 (1) = 3.77, p=.052; Selective Attention: χ 2 (1) = 3.88, p < .05]. For the normal controls, only the test for the Selective Attention condition was significant [χ 2 (1) = 6.44, p < .05]. It is not critical that these differences be statistically significant. Rather the important findings are that (a) stimulus integrality and separability had similar effects on attentional processing for both groups, although the effect was larger for the PD patients, (b) there were more dimensional integration deficits with separable-dimension stimuli, and (c) there were more selective attention deficits with integral-dimension stimuli.
-----------------------------------------------------------------INSERT TABLE 4 AND FIGURE 4 ABOUT HERE -------------------------------------------------------------------
Recall that each participant in our experiment completed a Dimensional Integration and Selective Attention condition with both integral and separable-dimension stimuli. Withinparticipant designs are useful because they minimize the effects of within-group variance. Even so, to this point we have not taken full advantage of this design because we have performed only aggregate analyses. In this section, we examined the pattern of responding across conditions for individual participants. The basic approach was to compute the probability of optimal performance in one condition given optimal performance in another condition. Specifically, the probability that the optimal attentional processing model provided the most parsimonious account of the data in one condition, given that it provided the most parsimonious account of the data in another condition.
In these analyses, we examined the optimality of performance as predicted by previous research on stimulus integrality and its effects on attentional processing. Specifically, we computed the probability of optimal selective attention with separable-dimensions given optimal dimensional integration with integral-dimensions, and the probability of optimal dimensional integration with integral-dimensions given optimal selective attention with separable-dimensions. If the predicted interaction is supported, then these conditional probabilities should be larger than 0.50. These conditional probabilities are displayed in Table 5 . The results can be summarized as follows. The predicted interaction of stimulus type and attentional condition was supported by these within-participant analyses, but only for the normal controls. Both conditional probabilities were larger than 0.50, and the probability of optimal selective attention with separable-dimensions given optimal dimensional integration with integral-dimensions was significant. However, this pattern was not mirrored in the data from the PD patients. Neither conditional probability was larger than 0.50 for the PD patients.
---------------------------------------------INSERT TABLE 5 ABOUT HERE ---------------------------------------------
Taken together, the results depicted in Figure 4 and the results from the conditional probability analyses suggest that, as a group, PD patients and normal older adults are affected by the integrality/separability manipulation in the manner predicted by the younger adult research. However, at the level of the individual participant, this pattern is more likely to hold for normal older adults than for PD patients.
Subgroup Analyses With the exception of the accuracy results, none of the analyses outlined above were presented in Maddox et al. (1996) . The focus of Maddox et al. was to classify each observer as showing optimal, suboptimal or a deficit in attentional processing, and to compare the resulting sample frequencies across groups (PD vs. normal controls) and experimental conditions (dimensional integration vs. selective attention) by applying nonparametric χ 2 analyses. Three results were emphasized. First, the frequency distributions did not differ across groups in the Dimensional Integration condition. Second, a larger proportion of PD patients as compared with normal controls showed deficits in selective attention. Finally, nearly one-third of the PD patients were characterized by each of the three forms of attentional processing (optimal, suboptimal, and deficit). This latter result is of particular importance because it adds more evidence to the growing body of research that suggests PD is characterized by distinct subgroups (e.g., Filoteo et al., 1997b; Maddox, et. al., 1996; Pirozzolo, Hansch, Mortimer, Webster, & Kuskowski, 1982; Rajput, Offord, Beard, & Kurland, 1984) .
The attentional processing frequency distributions, and thus the significance of any nonparametric χ 2 analyses, will depend critically on the makeup of the PD and normal control samples. The Maddox et al. sample was such that a significantly larger number of PD patients showed selective attention deficits. Because of the heavy reliance on the makeup of the sample, it is possible that these findings might not be replicated in the current sample. Even so, we report these analyses now.
Dimensional Integration Condition
The percentages of participants classified as showing optimal, suboptimal, or a deficit-inattentional processing by group and stimulus type in the Dimensional Integration condition, are displayed in Table 4 . Group differences were analyzed by examining the percentage of participants from each group whose data were best accounted for by the three attentional processing models. Six 2 X 2 χ 2 tests were performed (3 for the separable-dimension stimuli and 3 for the integral-dimension stimuli). The three tests compared group population with the number of participants classified as (a) optimal vs. not optimal (i.e., suboptimal or deficit-inattentional processing), (b) suboptimal vs. not suboptimal (i.e., optimal or deficit-in-attentional processing), and (c) deficit-in-attentional processing vs. no deficit-in-attentional processing (i.e., optimal or suboptimal). For both separable-dimension and integral-dimension stimuli, none of the χ 2 tests reached statistical significance (all p > .05), indicating that the two groups did not differ in their ability to integrate information from components of integral or separable stimuli.
A plot of the response data, along with the decision rule for the best fitting model, for a representative optimal and suboptimal PD patient are presented in Figure 5 . Figure 5a contains data from a PD patient whose data was fit best by the optimal dimensional integration model. Figure 5b , contains data from a PD patient whose data was fit best by the suboptimal dimensional integration model. Notice that in Figure 5b , the best fitting decision rule has a shallower than optimal slope, but clearly provides an accurate description of this participant's pattern of responses.
---------------------------------------------INSERT FIGURE 5 ABOUT HERE Visual Attention in PD ----------------------------------------------Selective Attention Condition
For each stimulus type, there were two blocks of Selective Attention condition trials; one in which the horizontal line length (or circle diameter) was relevant, and one in which the vertical line length (or radial line orientation) was relevant. Thus, for each stimulus type, each participant contributed two data sets to these analyses. The percentage of data sets classified into each of the three response categories by group and stimulus type is displayed in Table 4 . Again, six χ 2 tests were performed using the same structure as in the Dimensional Integration condition. As in the Dimensional Integration condition, when the stimulus dimensions were integral, there was no statistically significant difference between the classification frequencies for PD patients and normal controls (all three tests yielded p > .05). When the stimulus dimensions were separable, on the other hand, two of the three chi-square tests were significant. Specifically, PD patients were significantly less likely to use the optimal selective attention rule [χ 2 (1) = 8.417, p < .01] and were significantly more likely to use a suboptimal selective attention rule [χ 2 (1) = 7.283, p < .01] than normal controls. Thus, the distributions of the PD patients into the three subgroups was different than controls when participants had to attend selectively to one component of a separable-dimension stimuli and ignore the other component.
Figures 5c-5e presents the response data, along with the decision rule for representative PD patients whose pattern of responding showed optimal, suboptimal, or a deficit-in-attentional processing in selective attention, respectively. Notice that for each participant, the best fitting attentional processing rule accurately characterized their responses--that is, the best fitting attentional processing rule divides the participant's responses in such a way that nearly all the "1" responses are on one side of the line, and nearly all the "2" responses are on the other side of the line, with few mis-predicted responses.
Baseline Condition
Because the irrelevant component was absent from the display, only the optimal and suboptimal attentional processing models were applied to the data from each participant. The percentages of participants classified into each of these response categories by group, stimulus type, and stimulus components are displayed in Table 4 . Because participants were classified as optimal or suboptimal (and no deficit-in-attentional processing category was included), only two χ 2 test was needed for separable-dimensions and two for integral-dimensions. All tests were not significant (p > .05).
Taking into account the strong reliance of the nonparametric χ 2 tests on the characteristics of the sample, the subgroup analyses are quite similar across the current study and Maddox et al. (1996) . In short, the Dimensional Integration and Baseline results were essentially replicated. Only the Selective Attention results were not. Although clearly post hoc, a comparison of the patients from the current study and those from the study by Maddox et al. (1996) offers a possible explanation for the lack of replication. Using Hoehn and Yahr's (1967) rating scale, the average rating of the patients in the present study was 2.14 (lower disease severity), whereas the average rating of the patients in the Maddox et al. (1996) study was 2.65 (higher disease severity). [t(37)=2.79, p<.01]. In terms of the length of patients' illness, the patients in the present study had been diagnosed with the disease an average of 5.91 years prior to the study, whereas the patients in the Maddox et al. (1996) study had been diagnosed an average of 12.7 years [t(37)=3.12, p<.005]. It is possible that differences between the two samples of PD patients in disease severity accounted for the differences between the two studies. This could also explain why these classification results from the current study identified frequency differences in the sub-optimal model, whereas Maddox et al. (1996) found differences in deficit-in-responding model.
Although the Maddox et al. subgroup results were not completely replicated in the current study is it important to emphasize the fact that the analyses of the accuracy rates, criterial noise estimates, and decision rule estimates yielded strikingly similar findings. Thus, at the level of the "average" PD patient and "average" normal older adult a strong replication was observed. This was not unexpected as analyses based on "averages" treat individual differences as noise, and thus will be more stable. The subgroup analyses on the other hand focus on individual differences, and are thus inherently less stable. Even so, each approach has its strengths and weaknesses. Aggregate analyses help the researcher discover general principles that apply "on average"; however, they often fail to adequately explain the behavior of the individual participant. Subgroup analyses are much more variable since they focus on individual differences; however, if the appropriate subgroup is accurately identified, the behavior of individual participants can be explained quite well.
GENERAL DISCUSSION Previous research has suggested that PD patients are differentially impaired on tasks of attention, and, in particular, on tasks that require selective attention (Filoteo et al., 1994 (Filoteo et al., , 1997a (Filoteo et al., , 1997c Girotti et al., 1986; Goodrich, Henderson, Kennard, 1989; Jones et al., 1994; Karayanidis, 1989) . The goal of this study was to provide some insight into the locus of these selective attention deficits in PD through the application of a series of quantitative models of attentional processing. PD patients and age-and education-equated normal controls completed tasks that required dimensional integration and selective attention with stimuli composed of integraldimensions and stimuli composed of separable-dimensions. A comparison of performance across these qualitatively different types of stimuli allowed us to determine whether selective attention deficits in PD were due to perceptual interference effects. In additional the modelbased analyses (unlike traditional accuracy analyses) allowed us to test between two possible loci of selective attention deficits in decisional processing. One possibility was that the PD patients were impaired in learning and retaining an adequate decision criterion. A second possibility was that selective attention deficits in PD were due to greater trial-by-trial variability in the application of the decision criterion (criterial noise). These possibilities were tested on the data from the current study and on data collected from a previous study conducted in our laboratory . The results were clear. First, PD patients showed no differential impairment in their ability to integrate information from separable-or integral-dimension stimuli, even when a decision criterion had to be learned and retained. Second, PD patients did show selective attention deficits for both separable-and integral-dimension stimuli. Third, the selective attention deficits in PD were not due to perceptual interference effects. This conclusion was supported by the lack of an interaction between group (PD vs. normal control) and stimulus type (integral vs. separable) and suggests that the selective attention deficits observed in PD patients are due to abnormalities at another stage of processing. Fourth, selective attention deficits in PD were due to greater criterial noise, but not to greater suboptimalities in the exact value of the decision criterion. Finally, although PD patients were not differentially effected by the integrality/separability manipulation, in general, they showed the same pattern of responding that is commonly observed with younger adults. Inhibitory Theory of PD patients' Selective Attention Performance Previous researcher suggests that PD patients are impaired in inhibitory attentional processes, and that this deficit could account for PD patients' poor performance on tasks of selective attention (Cronin-Golomb, Corkin, & Growdon, 1994; Downes et al., 1993; Filoteo et al., 1996; Henik et al., 1993; Owen et al., 1993) . The findings from this study are consistent with this possibility. Specifically, it could be that the PD patients were impaired in inhibiting the processing of the irrelevant component. This interpretation of PD patients' selective attention deficit, however, has two important constraints. First, the finding that PD patients were impaired in selective attention for both integral-and separable dimension stimuli suggests that the inhibitory deficit did not occur at the perceptual stage. If this were the case, then the PD patients should have been impaired to a larger extent when attending selectively to integral-dimension stimuli as compared to separable-dimension stimuli. Second, based on the model-based analyses, the locus of PD patients' deficits appeared to be mostly in the consistent trial-by-trial application of a decision rule (as opposed to the learning and retention of such a rule). This latter finding suggests that the inhibitory deficit occurred on a trial-by-trial basis and most likely interfered with the response-choice necessary to make a correct decision. That is, PD patients were impaired at inhibiting the trial-by-trial variation of the irrelevant stimulus component and thus incorporated this variation into their response selection. In turn, this created a greater magnitude of criterial noise in the PD patients and lead to less accurate responding. Neuropathological Correlate of PD patients' Selective Attention Abnormalities Previous investigators have argued that the basal ganglia may be involved in attentional processes (Hassler, 1978) . More recent work, however, has indicated that these structures may play a specific role in selective attention. For example, using photon emission tomography, Corbetta and colleagues (1991) found a significant increase in the level of activation in the basal ganglia in normal participants on a task that required selective attention to certain stimulus attributes, whereas these regions were not differentially activated when the participants had to attend to more than one stimulus attribute. Studies examining basal ganglia lesions in animals have also provided support for the possibility that these structures play an important role in selective attention processes (Apicella, Lagallet, Nieoullon, & Trouche, 1991; Kermadi & Boussaoud, 1995) . Furthermore, theories of basal ganglia function based on animal research also support the possibility that these structures play an important role in certain aspects of responseselection (Jayaraman, 1987; Johnstone & Rolls, 1990; Robbins & Brown, 1990) . The PD patients in the present study were non-demented and, for the most part, in the early stages of the disease. As such, it is likely that the extent of their neuropathology was confined to basal ganglia structures, which would suggest that the dysfunction of these structures (or other connected structures, such as the thalamus or frontal lobes; see Alexander, DeLong, & Strick, 1986) could be the underlying cause of their problems with selective attention. The results of this study suggest that such neuropathology could cause inhibitory deficits on tasks of selective attention at the response-selection stage. models are developed, can be thought of as a generalization of signal detection theory (Green & Swets 1967) to cases in which the stimuli vary along more than one stimulus dimension. The details of decision bound theory are beyond the scope of this article, so here we provide only a brief summary of the most relevant information. The reader is directed to several articles that outline the theory in greater detail (e.g., Ashby, 1992a; Ashby & Townsend, 1986; Thomas, 1995) . An important concept within decision bound theory (and signal detection theory) is that of the optimal classifier. The optimal classifier is a hypothetical device that utilizes all of the relevant task information in such a way as to generate responses that maximize long-run accuracy. Within the framework of the perceptual categorization task, the optimal classifier would partition the stimulus space using the optimal decision rule as depicted in Figures 1 and 2 and in the top two panels of Figure 3 . In short, decision bound theory assumes that the participant attempts to respond optimally (i.e., attempts to apply the optimal decision rule on each trial), but is unable to respond at the level of the optimal classifier because of several inherent weaknesses in human perceptual and cognitive processing that are not present in the optimal classifier. In particular, there is (a) random error in perceptual processing such that repeated presentations of the same stimulus do not yield the same perceptual effect on each trial, and (b) random error in the application of the decision rule such that the participant's decision rule is not applied perfectly on each trial. Error in perceptual processing is termed perceptual noise, and error in the application of the decision rule is termed criterial noise. The decision bound models that we turn to now incorporate both perceptual and criterial noise.
Versions of the decision bound model differ only in the nature of the decision rule that the participant is assumed to use. This article considers the following three decision bound models: (a) the optimal decision bound model (not to be confused with the optimal classifier, and hereafter referred to as the optimal attentional processing model); (b) the general selective attention model, and (c) the general dimensional integration model. The optimal attentional processing model assumes that the participant used the decision rule that maximizes categorization accuracy--that is, the linear rule depicted in Figure 1 ; albeit in the presence of perceptual and criterial noise. The general selective attention model assumes that the participant used a decision rule that is indicative of selective attention--that is, a strategy in which one dimension of the stimulus is ignored and a criterion is set along the other (attended) dimension. This model is called the "general" selective attention model because the participant's criterion is estimated from the data. The general dimensional integration model assumes that the participant used a decision rule that is indicative of attention to both dimensions--that is, a strategy in which information about both stimulus dimension is integrated in order to generate a response. However the information integration strategy is assumed to be linear (as opposed to some nonlinear integration strategy). This model is called the "general" dimensional integration model because the participant's dimensional integration rule is estimated from the data.
The three models differ in their generality (or flexibility). The optimal attentional processing model is the most constrained (or least flexible) model because the decision rule (specifically, the slope and intercept of the decision rule) is fixed by the experimental condition. The general dimensional integration model is the most general model because the exact form of the dimensional integration rule (specifically, the slope and intercept of the decision rule that describes the dimensional integration rule) is estimated from the data by attempting to maximize the number of "1" and "2" responses accounted for by the dimensional integration rule. The general selective attention model is intermediate in generality. In this model, the decision rule is one of selective attention (specifically one in which the slope is fixed at zero), but the selective attention criterion (i.e., the intercept of the decision rule) is estimated from the data by attempting to maximize the number of "1" and "2" responses accounted for by the selective attention rule. The general selective attention model is always "nested" within the general dimensional integration model because the general selective attention model can be derived from the general dimensional integration model by setting the slope to zero. In addition, the optimal attentional processing model is always "nested" within the general dimensional integration model because the optimal attentional processing model can be derived from the general dimensional integration model by setting the slope and intercept to the optimal values. In the Selective Attention condition, the optimal attentional processing model, which assumes a slope of zero and a fixed intercept, is "nested" within the general selective attention model that also assumes a zero slope, but estimates the intercept from the data. In the dimensional integration condition, the optimal attentional processing model, which assumes a slope of -1 and an intercept of 450, is "nested" within the general dimensional integration model that estimates the slope and intercept from the data.
A "nested" model can never outperform (based on the absolute fit) a more general model. For example, the general selective attention model can never outperform the general dimensional integration model. Thus, the more general model will always provide a better fit of the data than the more restricted (nested) model. The law of parsimony states that the goal should be to identify the "simplest" explanation of the data--that is, the goal should be to identify the model with the fewest free parameters that adequately describes the data. Statistical methods for achieving this goal are well established, and are based on statistics derived from the well-known χ 2 distribution. The basic approach is to compare the fit values for two models, say the optimal selective attention model, and the general selective attention model. The general selective attention model must provide a better absolute fit, but the improvement in fit may not be "statistically significant". If the improvement in fit for the more general model (the general selective attention model, in this example) is not statistically significant, then the more restricted model (the optimal selective attention model, in this example) is assumed to provide the most accurate description of the data. We call the simplest model that can not be improved upon (based on statistical significance tests) by a more general model, the model that provides the "most parsimonious" account of the data. The details of the statistical method and specific examples are provided below and in previous work (e.g., Ashby, 1992a; Maddox, et. al., 1996; Wickens, 1982) . The inference that can be drawn about attentional processing from the various models is outlined in Table A-1. -
--Model Fitting and Testing
When testing the validity of a model with respect to a particular data set, one must determine: (1) how the unknown parameters will be estimated, and (2) how well the model describes ("fits") the data. In addition, since many of the models under consideration are special cases of a more general model (e.g., the optimal model is a special case of the general dimensional integration model, where the decision rule slope and intercept are fixed at the optimal values), and a more general model, by definition, will provide a better absolute account of the data, it would be advantageous to have some method for determining whether the improvement in fit for the general model is statistically significant.
The method of maximum likelihood provides a powerful tool for dealing with each of these issues Wickens, 1982) . Consider an experiment with categories A and B and a set of n stimuli S 1 , S 2 , ..., S n . For each stimulus, a particular model predicts the probabilities that the participant will respond A and B, which we denote by P(A|Si) and P(B|Si), respectively. The results of an experimental session are a set of n responses, r 1 , r 2 , ..., r n , where we arbitrarily set r i = 1 if a "Category A" response was made to Stimulus i and r i = 0 if a "Category B" response was made. According to the model, and assuming the responses are independent, the likelihood of observing this set of n responses is L(r 1 ,r 2 ,...,r n ) = ∏ P(A|S i ) r i P(B|S i )
(1-ri)
The maximum likelihood estimators are those values of the unknown parameters that maximize L(r 1 , r 2 , ..., r n ) [denoted L(r) for short]. Thus the goal of maximum likelihood is to adjust the parameters of the model until L(r) is maximized. Maximum likelihood estimates also provide a rigorous method for testing whether a general model provides a more accurate description of a set of data than a restricted model. Consider a selective attention condition from the present study. In this case, the general dimensional integration model is the most general model because both the slope and intercept are estimated from the data. The general selective attention model is less general because only the intercept is estimated from the data, while the slope is fixed at zero. The optimal selective attention model is the least general model because both the slope and intercept are fixed a priori. Although the general dimensional integration model (the most general model) is guaranteed to have the largest estimated likelihood, L(r), a Likelihood Ratio Test can be used to determine whether the improvement in fit for the general dimensional integration model is statistically significant.
Suppose we want to determine whether the general dimensional integration model provides a significant improvement in fit over the general selective attention model. A Likelihood Ratio Test would proceed as follows. First, one estimates the parameters from both the general dimensional integration, and general selective attention models using maximum likelihood techniques. Second, one forms the ratio of the estimated likelihood values for each model. Specifically, one computes the ratio λ = L 1 /L 2 where L 1 is the likelihood value for the general selective attention model (the less general model), and L 2 is the likelihood value for the general dimensional integration model (the more general model). Notice that when the more general model provides no improvement in fit over the less general model λ = 1. When the general model provides an improvement in fit, λ < 1. Third, compute χ 2 = -2 ln(λ) = -2(lnL 1 -lnL 2 ) = 2(lnL 2 -lnL 1 ). Assuming the null hypothesis that the general selective attention model (i.e., the less general model) is correct, χ 2 has an asymptotic chi-square distribution with degrees of freedom equal to the difference in the number of free parameters. In our example, the general dimensional integration model has one additional free parameter, so the degrees of freedom = 1. Finally, the observed value of χ 2 can be compared with the appropriate critical value. If the observed value exceeds the critical value, then one concludes that the additional parameters of the general dimensional integration model (i.e., the more general model) provided a significant improvement in fit (see Wickens, 1982 , for an excellent overview of parameter estimation and hypothesis testing using the method of maximum likelihood).
In this paper we are interested in identifying the model that provides the "most parsimonious" account of each participant's data. This is the model with the fewest number of free parameters that was not "significantly" improved upon, based on Likelihood Ratio Tests (see Wickens, 1982) , by a more general model.
Example of Likelihood Ratio Tests Used to Determine the "Most Parsimonious" Models For Figure 5 Figure 5b depicts data from an participant in the Dimensional Integration condition whose responding was suboptimal. This determination was made after conducting a series of likelihood ratio tests. These tests are summarized below. First, the optimal attentional processing, suboptimal selective attention, and suboptimal dimensional integration models were applied to the data. The -lnL(r) for the three models (in the same order) were 28. 13, 23.31, and 19.75 . Second a likelihood ratio test was conducted between the optimal and suboptimal dimensional integration models. This computation yielded χ 2 = 16.76. The critical value for α = .05 for a chi-square distribution with 2 degree of freedom = 5.99. Because the observed value exceeded the critical value, the optimal model was rejected in favor of the suboptimal dimensional integration model. Third, a likelihood ratio test was conducted between the suboptimal selective attention and the suboptimal dimensional integration model. This computation yielded χ 2 = 7.12. In this case there is one degree of freedom and the critical value (α = .05) is 3.84. Because the observed value did exceed the critical value, we reject the suboptimal selective attention model in favor of the suboptimal dimensional integration model. In this instance, the "most parsimonious" model is the suboptimal dimensional integration model. Finally, since the suboptimal dimensional integration model was favored, the inference is drawn that the participant showed suboptimal attentional processing. Figure 5d depicts data from an participant in the selective attention condition who exhibited suboptimal selective attention. This determination was made after conducting a similar series of likelihood ratio tests. As before, the optimal, suboptimal selective attention, and suboptimal dimensional integration models were applied to the data. The -lnL(r) for the three models (in the same order) were 13.02, 10.38, and 9.34. A likelihood ratio test was conducted between the optimal attentional processing and suboptimal selective attention models yielding χ 2 = 5.28 and leading us to reject the optimal attentional processing model in favor of the suboptimal selective attention model. Next a likelihood ratio test was conducted between the suboptimal selective attention model and the suboptimal dimensional integration model. This computation yielded χ 2 = 2.08, and a failure to reject the suboptimal selective attention model in favor of the deficit-in-responding model. Finally, since the suboptimal selective attention model was favored, the inference was drawn that the participant did attend selectively, but used a selective attention criterion other than the optimal criterion. Figure 5e depicts data from an participant in the selective attention condition who exhibited a deficit-in-selective attention. This determination was made after conducting a similar series of likelihood ratio tests. As before, the optimal attentional processing, suboptimal selective attention, and suboptimal dimensional integration models were applied to the data. The -lnL(r) for the three models (in the same order) were 24. 61, 22.43, and 18.18 . A likelihood ratio test was conducted between the optimal and suboptimal selective attention models yielding χ 2 = 4.36 and leading us to reject the optimal model in favor of the suboptimal selective attention model. Next a likelihood ratio test was conducted between the suboptimal selective attention model and the suboptimal dimensional integration model. This computation yielded χ 2 = 8.50, and again led us to reject the suboptimal selective attention model. Finally, since the suboptimal dimensional integration model was favored, the inference was drawn that the participant did not attend selectively, but rather integrated information from the two stimulus dimensions, and showed a deficit in selective attention. Table by the scaling factor π/600. Maddox, et al. (1996) . The dashed line represents the optimal attention rule. 
